It is well-known in the hydrometeorology literature that developing real-time daily 23 streamflow forecasts in a given season significantly depend on the skill of daily precipitation 24 forecasts over the watershed. Similarly, it is widely known that streamflow is the most important 25 predictor in estimating nutrient loadings and the associated concentration. The intent of this study 26 is to bridge these two findings so that daily nutrient loadings and the associated concentration 27 could be predicted using daily precipitation forecasts and previously observed streamflow as 28 surrogates of antecedent land surface conditions. By selecting 18 relatively undeveloped basins in 29 the Southeast US (SEUS), we evaluate the skill in predicting observed total nitrogen (TN) loadings 30 in the Water Quality Network (WQN) by first developing the daily streamflow forecasts using the 31 retrospective weather forecasts based on K-nearest neighbor (K-NN) resampling approach and 32 then forcing the forecasted streamflow with a nutrient load estimation (LOADEST) model to 33 obtain daily TN forecasts. Skill in developing forecasts of streamflow, TN loadings and the 34 associated concentration were computed using rank correlation and RMSE, by comparing the 35 respective forecast values with the WQN observations for the selected 18 Hydro-Climatic Data 36 Network (HCDN) stations. The forecasted daily streamflow and TN loadings and their 37 concentration have statistically significant skill in predicting the respective daily observations in 38 the WQN database at all the 18 stations over the SEUS. Only two stations showed statistically 39 insignificant relationship in predicting the observed nitrogen concentration. We also found that the 40 skill in predicting the observed TN loadings increase with increase in drainage area which indicates 41 that the large-scale precipitation reforecasts correlate better with precipitation and streamflow over 42 large watersheds. To overcome the limited samplings of TN in the WQN data, we extended the 43 analyses by developing retrospective daily streamflow forecasts over the period 1979-2012 using 44 3 reforecasts based on the K-NN resampling approach. Based on the coefficient of determination 45 ( 2 Q daily R  ) of the daily streamflow forecasts, we computed the potential skill ( 2 TN daily R  ) in developing 46 daily nutrient forecasts based on the R 2 of the LOADEST model for each station. The analyses 47 showed that the forecasting skills of TN loadings are relatively better in winter and spring months 48 while skills are inferior during summer months. Despite these limitations, there is potential in 49 utilizing the daily streamflow forecasts derived from real-time weather forecasts for developing 50 daily nutrient forecasts, which could be employed for various adaptive nutrient management 51 strategies for ensuring better water quality.
8 database comprises of water quality data from the USGS monitoring networks for large watersheds 145 (National Stream Quality Accounting Network, NASQAN) as well as watersheds that are 146 minimally developed (Hydrologic Benchmark Network, HBN) . We used the observed daily 147 concentrations of Total Nitrogen (TN) for the 18 stations in the SEUS from the WQN database. 148 By selecting watersheds from the HCDN database, we basically ensure that both the streamflow 149 is minimally affected by anthropogenic influences. Bu, water quality data is influenced by the land 150 use type. Based on the USGS National Land Use Classification Data (NLCD) data of 2001, we 151 calculated the percentage area under agriculture and urban ( can see the distribution with seven, six and five watersheds having 20%-30%, 10%-20% and 0%-153 10% of area under agriculture respectively. On the other hand, the urban land use is less than 10% 154 with the exception being station #3(23%). TN loadings for these stations are available over a 155 period of 12-23 years with samplings being available on average 5 to 6 times per year (Table 1) . 156 For additional details about the WQN database, see Alexander et al. (1998) . We next provide 10 streamflow forecasts conditional on climatic predictors (Souza et al., 2003; Devineni et al., 2008) . 191 The K-NN approach resamples daily (or monthly data) from historical data to generate values that 192 were observed in the past. Typically, the K nearest neighbors are identified between predicted time 193 series and the historical series based on the Euclidean distance. Then a weighing function (e.g. Lall 194 and Sharma, 1996) is generally assigned such that more weights are given to the nearest neighbors 195 while less weights are given the farthest neighbors to estimate the predicted time series. Finally, 196 multiple ensembles are generated to estimate the conditional mean of the time series.
197
In the K-NN scheme, we used the Mahalanobis distance instead of the Euclidean distance, 198 since the selected predictors -PCs of the principal components and the streamflow over the past 199 observations-could be correlated. Therefore, for forecasting the streamflow for a given day 200 observed in the WQN data, all the neighbors were chosen based on the historical time series of 1-201 day ahead FP and previous 1-day average streamflow for that day over the period 1979 to 2009, 202 leaving out the daily predictors and predictands over the entire forecasting year (i.e., 365 days).
203
This implies that in order to forecast streamflow for a given day, 30 historical years are available 204 (excluding the forecast year) for identifying similar conditions. Since this is a small sample size 205 for identifying neighbors, we also considered daily streamflow over the three previous days, 206 resulting in a total 120 neighbors, to develop streamflow forecasts for a given day. Mahalanobis 207 distance for all these 120 neighbors were estimated using equation (1) (Mahalanobis, 1936) : by the kernel in equation (2):
(2) 220 where 50 K  (the number of neighbors), i w represents the probability with which neighbor is 221 resampled in constituting the 500-member ensemble. Finally, the forecasted streamflow for each 222 day is calculated as the conditional mean of these 500 realizations obtained from the 50 neighbors.
223
The ensemble mean of daily streamflow forecasts are specifically obtained for the days on which 224 WQN data is available, so that the ensemble mean of daily streamflow forecasts could be used for 225 developing forecasts of total nitrogen loadings, whose details are described in the next section. the non-parametric model is forced with the LOADEST model to develop nutrient forecasts.
Daily Nitrogen Loadings and Concentration Forecasts Development

12
LOADEST is a statistical model that estimates daily loadings based on the observed daily 233 streamflow and the centered time (dtime) of the year of the observation (Runkel et al., 2004) . 234 2l n( ) 0 1 ln ( ) 2 ln 3 sin(2 ) 4 cos(2 )
where Lj denotes the observed daily loadings from the WQN database with 'j' denoting the day of Table 3 shows the "goodness of fit" statistics (coefficient of determination (R 2 ) and 251 AIC) in predicting the observed daily loadings in the WQN database (Table 1 ) and the coefficients 252 of the best fitting regression model for total nitrogen for the selected18 stations.
253
From Table 3 , we infer that R 2 ranges from 0.83-0.97 indicating good fit of the observed daily 254 loadings over 18 stations. Using these parameters, we next estimate the forecasts of daily loadings forecasted precipitation during the summer months (figure not shown). Thus, the error resulting very well. Figure 7d shows the performance of TN loadings for a station with the worst skill. The 337 skill of the streamflow forecasts resulting from the K-NN resampling approach in predicting the 338 observed daily streamflow recorded at USGS stations is marginal with an average daily correlation 339 of 0.6. Given that the R 2 of the LOADEST model is 0.912 for the selected station ( improve the streamflow forecasts developed using the K-NN resampling approach by considering 369 physically distributed hydrologic models and by explicitly considering additional input variables (e.g., temperature forecasts, humidity), we certainly captured the first-order information on the 371 daily streamflow variability by utilizing the retrospective precipitation forecasts and employed that 372 for assessing the potential in developing nutrient forecasts. Another advantage with the 373 streamflow forecasts using K-NN approach is in specifying the conditional distribution of flows. Table 3 . the computed ensemble mean of the streamflow forecast from the K-NN resampling approach.
389
Since the skill of daily streamflow forecasts differ substantially depending on the season, we plot 390 the 2 TN daily R  as a box-plot for each month (Figure 8 ). Basically, Figure 8 pools the daily correlation, physically-based hydrologic model, the skill in predicting daily streamflow could improve during 406 the summer season. We plan to investigate this as a future work in assessing the potential for 407 developing nutrient forecasts with streamflow forecasts being derived from a physically-based 408 distributed hydrologic model. Thus, the potential skill ( 
